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The Critical Batch Size Paradox: Why Your
GPU Cluster Is Wasting 40% of Its Compute
on Inefficient Training Steps

Your infrastructure team just maxed out batch size on that H100 cluster. The GPU utilization
graphs look beautiful. But you’re hemorrhaging money on every single gradient step, and
nobody in the room knows why.

The Most Expensive Hyperparameter Nobody
Understands

I’ve spent the last decade watching organizations make the same catastrophic mistake
with their ML infrastructure. They acquire expensive GPU clusters, hire brilliant engineers,
and then proceed to light millions of dollars on fire because of a single misconfigured
hyperparameter.

The culprit? Batch size.
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Not learning rate. Not weight decay. Not your fancy optimizer choice. Batch size—the
parameter that every ML engineer thinks they understand but almost nobody actually
does.

Here’s what typically happens: A team gets access to a cluster of A100s or H100s. They
look at their training pipeline and think, “We’re only using 60% of GPU memory. Let’s double
the batch size.” Memory utilization goes up. Training throughput increases. Everyone
celebrates.

Except three hours later, they’ve crossed an invisible threshold called the Critical Batch
Size, and every gradient step since has been burning compute on diminishing returns that
will never materialize into better model performance.

This isn’t theoretical hand-wringing. Research published at ICLR 2025 from Harvard’s
Kempner Institute has quantified exactly how bad this problem is: organizations routinely
waste up to 40% of their GPU compute by operating above optimal batch size thresholds.

Let that sink in. Four out of every ten GPU hours you’re paying for might be accomplishing
nothing.

What Critical Batch Size Actually Means (And Why You’ve
Been Thinking About It Wrong)

Critical Batch Size (CBS) sounds like another academic metric that doesn’t matter in
production. It’s not. It’s the single most important efficiency boundary in your training
pipeline that you’ve probably never measured.

CBS is the maximum batch size beyond which further increases provide no
proportional training efficiency gains—often increasing required training steps
by 20-43%.

Think of it this way: Below CBS, there’s a beautiful linear relationship between batch size
and training efficiency. Double your batch size, halve your required gradient steps. This is

https://openreview.net/forum?id=JCiF03qnmi
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the regime where maximizing GPU utilization actually makes sense.

Above CBS? That relationship breaks catastrophically. You’re still burning the same
compute per step, but each step is doing progressively less useful work. Your gradients
become increasingly correlated, your optimization trajectory becomes less efficient, and
you end up needing more total compute to reach the same final loss.

The intuition is straightforward once you understand gradient noise. When batch size is
small, your gradient estimates are noisy but decorrelated—each step explores different
directions in the loss landscape. As batch size increases, you get more precise gradient
estimates, which initially helps. But past a certain point, you’re just averaging over
redundant information. The marginal value of each additional sample in your batch
approaches zero, but the compute cost stays constant.

The Dataset Discovery That Changes Everything

Here’s where the recent research gets genuinely surprising, and where most production ML
teams have been operating under fundamentally incorrect assumptions.

The conventional wisdom—and I mean the kind of wisdom that’s been baked into cluster
optimization strategies at every major AI lab—has been that larger models need larger
batch sizes. It makes intuitive sense: bigger models have more parameters, more complex
loss landscapes, and presumably need more samples per gradient step to navigate
effectively.

This is wrong.

Harvard’s Kempner Institute research has definitively shown that Critical Batch Size scales
primarily with dataset size, not model size. The relationship follows a power law: CBS ∝
D^0.47, where D is the dataset size.

The model size dependence? Minimal to nonexistent.

Model Size Dataset Size (Fixed) Observed CBS
60M parameters 100B tokens ~2,048
250M parameters 100B tokens ~2,048

http://kempnerinstitute.harvard.edu/research/deeper-learning/how-does-critical-batch-size-scale-in-pre-training-decoupling-data-and-model-size/
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1B parameters 100B tokens ~2,048

The experiments are striking: models ranging from 60M to 1B parameters—a 16x increase in
model size—showed essentially constant CBS when trained on the same dataset. The
batch size that maximizes efficiency for a 60M parameter model is the same batch size
that maximizes efficiency for a 1B parameter model, as long as the training data is identical.

This single finding invalidates countless GPU cluster optimization strategies that have been
deployed across the industry.

Why Your Current Cluster Strategy Is Probably Wrong

Let me walk through what this means for practical infrastructure decisions.

Most ML infrastructure teams operate under a simple heuristic: “We have expensive GPUs.
Maximize their utilization. Increase batch size until we’re memory-bound.”

This strategy optimizes for the wrong metric. You’re maximizing hardware utilization, not
training efficiency. These are very different things.

Allen AI’s recent work on OLMo pretraining provides concrete numbers on just how
expensive this mistake can be. When operating significantly above CBS thresholds, training
runs consumed up to 40% more compute than necessary to reach equivalent final loss
values.

Consider what this means at scale:

A training run that should cost $2M in compute ends up costing $2.8M
A cluster that should train 10 models per quarter only trains 7
Carbon emissions that should be X are actually 1.4X
Time-to-deployment that should be 6 weeks stretches to 8.5 weeks

The waste compounds at every level of the organization. And the tragic irony is that the
teams causing this waste often look like they’re doing everything right. Their GPU utilization
dashboards are green. Their throughput metrics are high. They’re just optimizing for metrics
that don’t correlate with actual training efficiency.

https://allenai.org/blog/critical-batch-size
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The Dynamic Nature of CBS (And Why Fixed Batch Sizes
Are Always Wrong)

Here’s another dimension of complexity that makes this problem even harder to solve:
Critical Batch Size isn’t static during training. It’s dynamic.

CBS starts low at the beginning of training, rises rapidly during the initial phases, and then
plateaus as training progresses. This makes intuitive sense when you think about the loss
landscape:

Early training: The model is in a high-loss region with strong, clear gradients. Even1.
small batches provide useful direction. CBS is low.
Mid training: The model has found a promising basin but needs more precise2.
gradient estimates to navigate it. CBS increases.
Late training: The model is fine-tuning within a relatively flat region. Gradient signal is3.
weaker, and CBS plateaus at a maximum value.

This dynamic behavior means that any fixed batch size strategy is guaranteed to be
suboptimal. Either you’re below CBS early in training (leaving efficiency on the table) or
above CBS late in training (wasting compute on diminishing returns), or both.

Recent work from May 2025 has shown that batch size warmup strategies—ramping from
small initial batch sizes up to CBS-aligned values—can reduce total gradient steps by 43%
while preserving final loss.

Forty-three percent. That’s not a marginal improvement. That’s nearly cutting your training
compute in half.

Measuring CBS: From Theory to Production Practice

Knowing that CBS exists is one thing. Measuring it in your actual training pipeline is another.

The traditional approach involves running multiple training experiments with different batch
sizes and comparing loss curves. This is expensive and time-consuming—exactly the kind
of approach that doesn’t work when you’re trying to optimize a production training run that

https://arxiv.org/abs/2505.23971
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you can only afford to execute once.

Fortunately, recent research on scaling laws for batch size has developed practical
estimation methods. The most promising approach uses the gradient noise scale—a
metric that can be computed during training to estimate where you are relative to CBS.

The gradient noise scale measures the ratio of gradient variance to gradient magnitude.
When this ratio is high, you’re in the “noise-dominated” regime where larger batches
provide meaningful signal improvement. When it’s low, you’re in the “curvature-dominated”
regime where larger batches are wasted.

The practical upshot: CBS can now be predicted within 10-15% accuracy using gradient
noise measurements, without requiring expensive ablation studies.

A Practical CBS Estimation Framework

Here’s a simplified framework for incorporating CBS awareness into production training:

Phase 1: Initial Calibration

Begin training with a conservative batch size (typically 256-512 for LLMs)
Measure gradient noise scale over the first 1-2% of training steps
Use noise scale trends to estimate current CBS

Phase 2: Adaptive Warmup

Implement batch size warmup that tracks CBS estimates
Double batch size when gradient noise scale indicates you’re significantly below CBS
Stop increasing when noise scale suggests you’re approaching CBS threshold

Phase 3: Steady State Monitoring

Continue monitoring gradient noise scale throughout training
Adjust batch size if CBS estimates change significantly
Flag any batch size configurations that exceed CBS by more than 20%

This approach captures most of the efficiency gains from CBS-aware training while

https://arxiv.org/abs/2505.13738


The Critical Batch Size Paradox: Why Your GPU Cluster Is Wasting
40% of Its Compute on Inefficient Training Steps

www.arturmarkus.com | 7

remaining practical for production deployment.

The Total Tokens Revelation

There’s a deeper implication of the CBS research that deserves explicit attention: the
“right” batch size for your training run depends more on total training tokens than model
parameter count.

This fundamentally changes how you should think about cluster optimization.

Traditional approach:

“We’re training a 70B model. We need a massive batch size to keep all these
GPUs busy.”

Correct approach:

“We’re training on 2T tokens. Based on the D^0.47 scaling relationship, our CBS
is approximately X. We should configure our distributed training to hit that
target, regardless of model size.”

The practical consequences are significant:

Smaller models on large datasets may need larger batch sizes than commonly1.
assumed
Larger models on smaller datasets should use smaller batch sizes than current2.
practice suggests
Multi-epoch training doesn’t increase CBS—only unique tokens matter for the3.
scaling relationship
Data mixture changes during training may shift CBS, requiring adaptive strategies4.
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Case Study: The Billion-Dollar Mistake Pattern

Let me illustrate how this plays out with a realistic scenario I’ve seen variations of at
multiple organizations.

Setup: A company is training a 7B parameter foundation model on 500B tokens using a
cluster of 256 H100 GPUs. Standard distributed training configuration.

Initial Decision: The infrastructure team maximizes GPU utilization by setting global batch
size to 4M tokens. Memory utilization is high, all GPUs are busy, throughput looks great.

The Hidden Problem: Based on the D^0.47 scaling law, CBS for 500B tokens is
approximately 1.5M tokens. The team is operating at 2.7x their optimal batch size.

Consequences:

Each gradient step requires 2.7x more compute than necessary
Training takes 35% more steps to reach target loss than it would at CBS
Total training compute is approximately 40% higher than optimal
At $2/GPU-hour, the wasted compute represents roughly $400K on a $1M training run

What Should Have Happened:

Start with batch size 512K, use gradient noise scale to estimate CBS
Implement warmup to CBS-aligned batch size (~1.5M) over first 10% of training
Accept slightly lower GPU utilization in exchange for dramatically better training
efficiency
Finish training in 70% of the time, saving both compute and wall-clock time

The irony is that the “optimized” configuration looked better on every dashboard metric
except the ones that actually mattered.

Organizational Pathologies That Perpetuate the Problem

Why does this pattern persist? It’s not because ML engineers are incompetent. It’s because
of systematic organizational incentives that reward the wrong behaviors.
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Pathology 1: GPU Utilization as a KPI

When infrastructure teams are measured on GPU utilization, they will maximize GPU
utilization. This is exactly what you’d expect from rational actors responding to their
incentive structure. The problem is that high GPU utilization and training efficiency are not
the same thing, and can be actively antagonistic.

Pathology 2: Throughput Fetishization

“Samples per second” and “tokens per second” are easy to measure and compare. They
become the de facto metrics for training pipeline quality. But throughput doesn’t capture
optimization efficiency. A training run can have beautiful throughput metrics while being
deeply inefficient in terms of compute-to-performance ratio.

Pathology 3: One-Shot Training Economics

When training runs are expensive and time-pressured, there’s no opportunity for
experimentation. Teams go with “known good” configurations, which often means
“configurations that previous teams used.” Those previous configurations were themselves
chosen based on the same flawed reasoning, creating a self-perpetuating cycle of
suboptimal practices.

Pathology 4: Separation of Infrastructure and Research

At many organizations, the people configuring distributed training systems are not the
same people who understand optimization dynamics. Infrastructure teams optimize for
hardware metrics they understand. Research teams accept whatever configuration they’re
given. Nobody is responsible for the intersection.

Breaking the Cycle: What Actually Needs to Change

Addressing the CBS problem requires changes at multiple levels of the organization.

Metric Reform

Stop measuring GPU utilization as a primary KPI. Start measuring training efficiency: loss
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improvement per unit of compute, time-to-target-performance, compute-normalized
model quality.

These metrics are harder to calculate but they’re the ones that actually correlate with
business outcomes.

CBS Monitoring Infrastructure

Implement gradient noise scale monitoring in your training pipelines. Make it as visible as
your loss curves. Train engineers to interpret it.

The tooling for this is straightforward—it’s just gradient variance tracking, which every
modern training framework can support. The challenge is making it a standard part of the
training observability stack.

Adaptive Batch Size Strategies

Replace fixed batch size configurations with CBS-aware adaptive strategies. At minimum,
implement batch size warmup. At best, implement continuous CBS tracking with automatic
adjustment.

Cross-Functional Accountability

Create explicit ownership for training efficiency at the intersection of infrastructure and
research. Someone needs to be responsible for ensuring that distributed training
configurations are optimized for model quality, not just hardware utilization.

The Broader Implications for AI Economics

The CBS research has implications beyond individual training runs. It speaks to fundamental
questions about the economics of scaling AI.

If the industry is systematically wasting 20-40% of training compute on inefficient batch
size configurations, that changes the calculus on:

Compute cost projections: Scaling laws that predict compute requirements may be
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overestimating by 20-40%
Energy consumption: AI’s carbon footprint may be significantly inflatable through
better hyperparameter optimization
Competitive dynamics: Organizations that get CBS right have substantial cost
advantages over those that don’t
Hardware investment: Some fraction of datacenter expansion may be solving
problems that don’t need to exist

This is one of those rare research findings that has immediate, concrete implications for
how the industry operates. It’s not a theoretical insight waiting for future application. It’s
actionable today.

What’s Next: The Research Frontier

The CBS work opens several important research directions that will likely see significant
progress over the next 12-18 months:

Automated CBS Detection: Current methods require some manual calibration. Fully
automated CBS estimation that works reliably across model architectures and datasets
would be valuable.

CBS-Aware Optimizers: Why should batch size be the thing we adjust? An optimizer that
automatically modulates its behavior based on CBS-like signals could capture the same
efficiency gains without requiring batch size changes.

Multi-Objective CBS: Current work focuses on loss-based efficiency. But training often
has multiple objectives (loss, downstream task performance, robustness). Understanding
how CBS relates to these broader objectives matters.

Transfer of CBS Estimates: Can we estimate CBS for a new training run based on related
previous runs? If so, we could skip the calibration phase entirely.

The Practitioner’s Summary

If you’ve made it this far and want the actionable takeaways, here they are:
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CBS is real and measurable. It’s not a theoretical construct—it’s an empirical1.
phenomenon that affects every training run.
CBS scales with dataset size, not model size. This contradicts conventional wisdom2.
and probably means your current batch size strategy is wrong.
Operating above CBS wastes 20-40% of compute. This is not a marginal3.
inefficiency. It’s a major cost driver.
Batch size warmup works. Ramping up to CBS-aligned batch sizes can reduce4.
training steps by 43%.
Gradient noise scale is your friend. It’s a practical signal for CBS estimation that can5.
be measured during training.
GPU utilization is not training efficiency. Stop optimizing for the former at the6.
expense of the latter.
Someone needs to own this. The CBS problem persists because it falls between7.
infrastructure and research responsibilities.

The research is clear. The tools are available. The efficiency gains are substantial. The only
remaining question is whether your organization will adapt or continue burning compute on
the efficiency cliff.

If your batch size strategy is based on GPU memory capacity rather than dataset-
driven CBS estimates, you are almost certainly wasting significant compute—and the
path to fixing it starts with measuring gradient noise scale on your next training run.
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